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Abstract: The organizations aim to increase its competitiveness. In this context, they have been searching
for new ways to improve their productivity, the quality of their products, and cost reduction. To achieve
these goals, it is essential to use the collaborators” potentials and the relationship among them to find
and share tacit knowledge. Since tacit knowledge is stored in people’s mind, it is hard to be formalized
and documented. Facing this difficulty, identifying and recommending persons who retain the needed
knowledge might be a good option. This work presents the Specialist Recommender System (SWEETS) and
its application into the a.m.i.g.0.s. environment, a social network platform for knowledge management. The
SWEETS system uses folksonomy to extract a lightweight ontology, which is essential to effectively identify
people’s skills. This lightweight ontology is based by tags (concepts) relating them to items (instances),
and its co-occurrences. In addition, such ontology is domain independent, which is a contribution of this
work. Applying the SWEETS system into the a.m.i.g.o0.s. environment we are looking for minimizing the
communication problem in the corporation, providing an improvement on knowledge sharing. Therefore, a
better usage of the collaborators knowledge may be expected.
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Introduction

According to a study from the IBM?, CEOs
around the world are interested in establishing
an environment and culture to provide support
to help their companies to innovate. For this, the
CEOs need to exploit the maximum potential
of their companies. This potential is directly re-
lated to the knowledge of its employees and the
relationship between them. That is, the ability
to find and share tacit knowledge. In this sce-
nario, providing quick access to the knowledge
classification is essential for companies that aim
to avoid duplicate efforts and innovate.

According to estimates released by Duhon
(1998), from 50% to 90% of the corporate
knowledge is in the minds of their employees
— tacit knowledge, which is hard to formalize
and document (Nonaka and Takeuchi, 1995).
Because of this difficulty, it would be a really
interesting approach to provide an environ-
ment that people can use to naturally formal-
ize their knowledge. Thus, this formalized
knowledge could be essential for companies
that aim to avoid duplicate efforts.

Furthermore, a common and well known
practice is the search of information among peo-
ple from the same group. That is because peo-

! Article based on masters dissertation of Edeilson Milhomem Silva, SWEETS: um sistema de recomendacio de especialistas
aplicado a redes sociais (2009). A similar article was published in Portuguese: “SWEETS: um Sistema de Recomendagao de
Especialistas aplicado a uma plataforma de Gestao de Conhecimento” in Revista de Informitica Tedrica e Aplicada, Vol. 18,
N. 1, p. 83-111. Available at: http://seer.ufrgs.br/rita/article/view/rita_v18_n1_p83/11824.

2IBM Global Business Services, Global CEO Study 2006. Available from: http://www.ibm.com/bcs/ceostudy.
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ple tend to give more credibility to information
from their own social networks - colleagues and
friends (Nardi ef al., 2000; Bogartti and Cross,
2003; Plickert et al., 2007). According to the anal-
ysis realized at Casonato and Harris (2002), the
employees of an organization acquire 50 to 75%
of their information directly from other people.

Although personal networks are a way to
get quick answers, sometimes they are not suf-
ficient to get the people who have knowledge
about a subject. Thus, those social networks
have a limited range. People in a personal net-
work can be intermediaries, facilitating the con-
tact with people that do not know each other
(Ehrlich et al., 2007), and so, provide greater
interactivity, communication and collaboration.

Within a social context, if someone has a
question to ask, it is more likely that this ques-
tion will be answered by a friend instead of
an unknown-person. Thus, according to Ehr-
lich et al. (2007), a system that identifies such
experts could use the social context in which
people is embedded to make such recommen-
dations. Still, according to Ehrlich et al. (2007),
researchers argue that any social network-
based system should provide technologies to
search experts. Thus, finding people who are
capable of solving a problem would be helpful
to users of this kind of system.

This paper presents an expert recommender
system and its implementation on a knowledge
management platform a.m.i.g.o.s. (Environment
for Integration of Social Groups and Organiza-
tions), currently used on C.E.S.A.R. - Center for
Advanced Studies and Systems of Recife - Brazil.

This work is organized as follows: first it
presents concepts related to Social Networks,
then it approaches some characteristics of
the Knowledge Management area, after that
it presents some expert recommender sys-
tems already available in the literature, then it
shows the proposed expert recommender sys-
tem, the next section presents the case study,
then it presents the experiments and results,
and finally it presents the final considerations.

Social networks

The Social Networks theory approaches the
social relationships as nodes and links. Each
node represents an actor within the social net-
work, and each link represents a social connec-
tion between actors. There are many different
ways to link these actors, each one related to
the nature of the represented social network
(Tacobucci et al., 1994).

Works in social networks are as old as
human history, but, only in the last decades,
people have noticed social networks as an or-
ganizational tool. According to Lipnack and
Stamps (1988), what is new in working with
network of connections is the promise of a
global organization focusing on individual
participation. The work in network of connec-
tions can lead to a global perspective based on
individual experience.

Since the mid 90’s, the Web Based Social
Networks (WBSN) evolved and proliferated
in a fast pace, both in number of WSBN and
scope. There is a really large set of WSBN, each
with its defined scope, ranging from business
and entertainment to pet relationships.

Great part of the success achieved by WBSN
is due to the convenience provided by some of
them to promote the interaction and communi-
cation between its members. Such convenienc-
es can also be provided by virtual communities
that, despite having some similarities, are not
exactly a synonym to social networks.

The term virtual community was first
coined in 1987, referring to the emergence of
social gatherings through computer-medi-
ated communication (Boomen, 2008). There
are many different variations of the defini-
tion of a virtual community; some authors
define a virtual community as any group of
people interacting with each other via com-
munication channels such as the Internet
(Gal-oz et al., 2008), while others define it as
a social aggregation on the Internet, having a
core of recurrent users, engaged in ongoing
group interactions at a shared virtual place,
whether norms and values could arise from
the aggregation, invoking a sense of belong-
ing (Gal-oz et al., 2008).

According to these definitions, it is not
correct to affirm that a Web Based Social Net-
work is a synonym to a Web Based Commu-
nity. It is possible to conclude that the essence
of a virtual community is on communication
and sense of belonging, which are not neces-
sarily present in every WBSN. In particular,
members of social networks like Facebook or
MySpace, where the main attraction is enter-
tainment, are not communicating to other us-
ers, or do not feel a sense of belonging to the so
called social network community.

But some WBSN do have virtual commu-
nity characteristics, as the LinkedIn and Orkut
social networks. In these networks there are
specific features for community creation inside
the social network, and the communication
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tools allow recurrent users discuss about spe-
cific topics. In this case we can affirm that there
are virtual communities inside the WBSN.

But there are other examples of WBSN
which can be classified as virtual communi-
ties. Lately, the Corporative Social Networks,
which consist of private Social Networks ac-
cessible only to company employeeshave
been used as communication and collabora-
tion tools for members of an organization. In
these cases it is possible to affirm that there is
a core of recurrent users which are engaged in
group interactions and also have a sense of be-
longing to the company social network.

One of the reasons justifying the interest
of organizations in social networks, specially
the ones which can also be called as virtual
communities, is how efficient these networks
are to share the knowledge inherent to each
person (Staab et al., 2005), that is, the tacit
knowledge defined by Polanyi (1967), which
in an organization context is also known as
know-how (Nonaka and Takeuchi, 1995).
Once that knowledge, that is relevant to the
members of the Social Network, is document-
ed, it can be reused, avoiding wasting of ef-
fort from employees. The possibility of sum-
marizing the knowledge is directly related to
better exploiting the existing human capital
in a given organization.

According to Domingos and Richardson
(2001), the way that users publish information
in social networks is impressive and without
any precedent. Therefore, these networks can
also be seen as a huge data repository, which
contains relevant information about every
connected user. Such information may be
used for a variety of purposes, such as an ap-
plication that infers the confidence or degree
of trust of each user.

Besides that, the usage of social networks
also permits to find some unusual correla-
tions, which, according to Staab et al. (2005),
may allow the discovering of new information
about quantitative and qualitative aspects of
the social connections. Thus, this kind of en-
vironment can be viewed as an excellent way
to accomplish analysis and research related to
knowledge flow inside an organization.

Because the use of social networks is an
efficient way to share and distribute indi-
vidual knowledge, it becomes an interesting
approach to support a knowledge manage-
ment initiative. In 2000, Erickson and Kellogg
(2000) began working towards the devel-
opment of a multi-use environment, which

allowed communication and collaboration
in groups, where communitarian knowledge
might be created.

The knowledge management methods can
focus on both tacit and explicit knowledge.
Making an analysis of circumstances in which
this knowledge can fit in a social network, it
was found that:

e Explicit knowledge is directly related to
creation, storage, sharing and use of ex-
plicitly documented knowledge (Hansen
et al., 1999) and therefore is directly re-
lated to social networks in many aspects,
such information posted in the commu-
nities, information interchange support-
ed by chat tools and files associated to
communities.

Tacit knowledge is directly related to in-
ter-personal relationships (Hansen et al.,
1999), in other words, relationships that
a user has within the Social Network.
Thus, all community knowledge, result-
ing of the interactions between users, can
be characterized as tacit knowledge.

Moreover, other benefits may be related to
the use of social networks, such as being an in-
teractive and generally informal environment,
so users can express their thoughts in a natural
and more freely way, enriching the organiza-
tion memory. The success of WBSN is attract-
ing a lot of attention, turning into an increased
level of interest in this area, and consequently
providing new directions to the social net-
works research area.

Knowledge management

According to Choi and Lee (2003), Knowl-
edge Management (KM) in a software corpo-
ration is an opportunity to create a default
perception language among software devel-
opers so that they can interact, deal and share
knowledge and experiences. The reduction
in loss of Intellectual Capital from employees
who leave the company; the cost reduction for
the development of new products; and the in-
creased productivity by making knowledge
easily accessible to all employees are some
of several benefits of the use of a Knowledge
Management strategy. The KM area is receiv-
ing special attention from companies search-
ing for competitive advantage. The following
statistics are a simple proof of this attention
(Bose, 2004).
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¢ A total of 80 percent of Fortune 500 com-
panies have KM staff;

® Texas Instruments has saved $1 billion
since it launched KM programs in the
mid-1990s;

e Of CEOs polled at the 2001 World Eco-
nomic Forum in Davos, Switzerland, 95
percent said that KM was critical to or-
ganizational success;

e Of Canadian business leaders polled by
IpsosReid in 2001, 91 percent believed
that KM practices have a direct impact on
organizational effectiveness.

Polanyi (1967) categorized knowledge in
tacit and explicit. The latter is basically what
can be easily documented and distributed,
while the tacit knowledge resides in the hu-
man mind, behavior and perception, and thus
is difficult to be formalized and distributed. As
expected, the traditional knowledge manage-
ments approaches usually focuses on explicit
knowledge, but some authors indicate that it
is necessary to capture, process and transfer
tacit knowledge in order to fully understand
an organization process. Identify people who
have knowledge about a subject is a way to
find tacit knowledge (individual knowledge).

Expert recommender systems

An Expert Recommender System is an al-
ternative to provide access to the implicit/tacit
knowledge — that is in people’s mind. In this
sense, the literature presents some initiatives to
provide access to the tacit knowledge. Among
these initiatives, we can mention ReferralWeb
(Kautz et al., 1997), ERS (Yukawa et al., 2002),
TABUMA (Reichling et al., 2005), ICARE (Pet-
ry, 2007) and SmallBlue (Lin et al., 2008).

ReferralWeb (Kautz et al., 1997) is an expert
recommender system that combines concepts
inherent to Social Networks and Collaborative
Filtering to provide personalized recommen-
dations, prioritizing those specialists closest
to the user, that is, those whose social distance
is smaller. The relationships among people
were extracted from email logs, because the
assumption that email would be a rich source
of social relationships extraction (social net-
work). However, this feature can be consid-
ered a problem because it raises important
concerns related to information privacy.

ERS (Expert Recommender System) (Yu-
kawa et al., 2002) uses information retrieval
methods to return people and/or organiza-

tions with strong relevance to a keyword or
document. It uses a document base to find
experts with relevance taking into account the
desired topic and the person. The analysis of
documents related to users which is made to
infer whether a user is an expert in a given
area can be a problem, because the efficiency
of recommendations would be directly related
the number and quality of these documents.

Just as ERS (Yukawa ef al., 2002), TABU-
MA (Reichling et al., 2005) is an expert rec-
ommender system that exploits the ability of
documents reflecting interests of a user. A set
of documents associated to the user’s work is
used to generate his profile. This tool has the
advantage of being very flexible because it can
accept any type of document as input, which
indicates skills and experiences of users. How-
ever, this freedom may become a disadvantage
if the user does not submit documents reflect-
ing his expertise.

ICARE (Petry, 2007) is a context-sensitive
expert recommender system. It uses a do-
main’s ontology to achieve recommendations.
ICARE, recommends experts considering
information as much of the user who makes
the request, as of the experts that are recom-
mended, based on keywords informed by
users. In this way, it promotes personalized
recommendations, due to the fact that they
change according to the user and the time in-
stant in which the request is made. That is, the
experts more appropriate to offer assistance in
a particular instant are recommended. Among
other information, the availability of the spe-
cialist, the role that the expert occupies in the
organization, the social distance among the
target user and the expert and expert’s reputa-
tion in the set of people that interact with him
are used to determine which users should be
recommended.

SmallBlue (Lin et al., 2008) aims to find
experts, communities and social networks in
large companies, through data mining tech-
niques, retrieval information and social net-
works analysis. The social network on Small-
Blue is extracted from e-mail messages (similar
to ReferralWeb) and instant messaging, that is,
the user manages his information. This expert
system also shares the same privacy problems
of the ReferralWeb, as previously mentioned.

SWEETS

SWEETS 2.0 is a passive expert recommend-
er system. It can be deployed to any computing
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environment having information associated to
users and using folksonomy concepts. Folk-
sonomy, according to Mika (2007), is a renewal
linguistic for collaborative categorization, from
the free use of keywords. That is, a mechanism
of social tagging in which people collaborates to
its creation. This collaboration is possible from
descriptions of shared objects realized by users.
For Mika (2007), folksonomy appears as
a good alternative to the emergence of light-
weight ontology and creation of metadata.
One of the advantages of using folksonomy
for the extraction of lightweight ontologies
is that a folksonomy can cover several areas,
unlike a domain’s ontology that represents
knowledge about only one area. Thus, the use
of lightweight ontologies emerged from a folk-
sonomy, can be applied in many contexts.
Also according to Mika (2007), to make
models of folksonomy networks in an abstract
level, a system tripartite graphs can be used,
where the set of vertices is defined in 3 (three)
disjoint sets: A ={a,, ..., a,_, a,}, C={c, .., ¢,
ch, I=1{i, .. i , i} .Each of these sets cor-
responds respectively to the actors (users),
concepts (tags) and the instances noted (e.g.,
documents, websites, images). That way, a so-
cial tagging system allows users associate tag
to objects, creating ternary associations among
user, object and concept. Thus, a folksonomy
(T) is defined by a set of notes T < AxCxI. From
this, Mika (2007) affirms to be possible to use

the traditional bipartite model of ontology
(concepts and instances), fundamental for the
construction of SWEETS. Figure 1 presents the
SWEETS architecture.

The SWEETS architecture is divided into
three layers. The first one (1) creates a light-
weight ontology O _, which uses the co-occur-
rence of tags (terms) related to items (instanc-
es). The relationships between the terms of the
lightweight ontology O are weighted by the
number of instances (I) which are tagged with
its terms (tags). That is, the number of times
that the terms co-occur in different instances.
This is a basic method of text mining, in which
terms are usually associated by its co-occur-
rence in documents (Mika, 2007; Feldman et
al., 1998; Cutting et al., 1992).

When the lightweight ontology O was
generated, the second layer (2) is responsible
to extract every concept that have more than
1 (one) relationship, their relationships and
their weights. There is no agreement in which
would be the best minimum for all cases. In
this SWEETS version is used the minimum 4
(four) relationships. It is important to say that
this number is configurable and therefore can
be modified at any time.

After that, the information represented in
the vector space Wo,. = [Wo,,, Wo,,, ..., Wo,_,, Wo, ],
where Wo, represents the weight vector of
the key concept and their relationships. The
weight of the key concept is more relevant than

3. Experts’ Calculation

Expert Database

2. Indexing Users’ Knowledge base

e TR
ST
knowdedge m Database
hase

1. Lightweight ontology

Figure 1. SWEETS architecture.
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any other weight relationship, so this weight is
determined by max(Wo)+1. So, for each con-
cept and their relationships there will be a vec-
tor representation, composing a set of vectors.
After this process the knowledge base of each
user is indexed. This indexing is performed
using all knowledge produced by users in the
environment where SWEETS is being imple-
mented. For each vector Wo; there will be an
equivalent vector Etl = [Fuy, Fuy, ..., Fu,_,
Fu, ], where Fu, represents the frequency of
each user term and Wo, represents the weights
of terms in the lightweight ontology O .. It is
important to highlight that the size of the vec-
tor Wo, and the size of the vector Fu, are the
same, with Fu, >=0and Wo, >=0.

Finally, the third layer calculates the users’
expertise degree regarding the concepts. For
this, we use the Fu;, and Wo, representations.
The calculation of the experts can be done by
similarity analysis algorithms, like cosine, Pear-
son’s coefficient and Jaccard (Baeza-Yates and
Ribeiro, 1999). This version of SWEETS uses the
cosine algorithm, as shown in Figure 2.

54(W0ti . Futi)

GEuc= =L

(o, S fru, |

i=1 i=1

Figure 2. Cosine Formula (Baeza-Yates and Ribeiro,
1999).

The GEuc function represents the user ex-
pertise degree in relation to a concept and its
value varies between 0 and 1. The value 0 rep-
resents no expertise from the user regarding
the concept, while the value 1 represents the
total expertise of the user regarding the con-
cept. According to Baeza-Yates and Ribeiro
(1999), this function is inversely related to the
angle between Fu, and Wo,, because a smaller
angle between Fu; and Wo,, originates a great-
er cosine and a greater correlation between Fu,
and Wo,. Another characteristic of the cosine
measure is its independency regarding the
size of both vectors.

Social network environment

This research was conducted inside a Bra-
zilian Innovation Institute called C.E.S.A.R.,
and, more specifically, inside its social net-
work environment called a.m..g.0.s. In the
next sections it is presented a brief introduc-

tion of C.E.5.AR. and its knowledge manage-
ment context, and introduction to a.m.i.g.o.s.
social network.

C.E.S.A.R.

C.E.S.AR. is a world-class private institu-
tion that develops products and processes,
provides services, and cradles innovative new
companies in their early stages using Informa-
tion and Communication Technologies (ICT).
It also provides innovation projects in many
different areas. It is a 600-people organization
associated with a Computing centre and with
R&D departments from the private sector.

This institution is part of the “Porto Dig-
ital”. An information and communication
cluster with focus on software development,
emphasis in innovation, entrepreneurship and
human capital capture.

Like “Porto Digital”, one of the main com-
mitments of C.E.S.A.R. is innovation and it is
all about knowledge building and sharing. The
institute also works in collaboration with dif-
ferent University research groups in those cases
where the needed expertise cannot be found
within the organization. One of the important
partners is the Federal University of Pernambu-
co, one of the top ranking universities in Brazil.
Together their work accomplishes C.E.S.A.R’s
mission that is to transfer information technol-
ogy knowledge between the industry and the
academia in a self-sustainable way.

Currently C.E.S.AR. is comprised of five
buildings, four in Recife and one in Sao Pau-
lo. It has more than 50 projects ranging from
different areas like: Digital TV, Embedded
Systems, Mobility, software reuse, etc. Each
project size varies from 3 to 50 collaborators
geographically distributed throughout its
buildings and with regular communication.

Innovation; the array of different areas;
buildings geographically distributed and the
partnership with universities and the private
sector are important aspects that make the need
of a Knowledge Management tool vital for this
institution. In environments like C.E.S.A.R., the
KM tools must help collaborators to communi-
cate more efficiently and help the institution to
store the knowledge generated by them.

A.M.I.G.O.S.
In order to achieve a better result regard-

ing its knowledge management strategy,
C.ES.AR. has developed and incorporated
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the use of a WBSN tool named a.m.i.g.o.s.
(Costa et al., 2008). Its first version was de-
ployed in October 2006. This new tool is help-
ing C.ES.AR. to bring their employees and
partners into a new virtual space for mutual
cooperation improved communication, allow-
ing the access and interchange of information
and knowledge from anywhere. This new ini-
tiative is trying to add some human-oriented
aspects to a system-oriented approach, reduc-
ing the gap to a dynamic-oriented approach.

Portuguese acronym for Multimedia Envi-
ronment for Integration of Groups and Social
Organizations, the main goal of a.m..g.o.s. is
to provide a software infra-structure to sup-
port the creation of WBSN. The a.m.i.g.o.s.
also intends to stimulate the knowledge crea-
tion and sharing by its members, and provides
many features in order to be used as a knowl-
edge sharing tool. Some of these features are
presented on next sections.

Profiles

Each member has a personal profile. This
profile is composed of a set of static information
provided by user on registration, like physical
address, languages, e-mail address, instant
messengers’ identifications and a brief personal
description, focusing on interest areas.

However, the most important part of the
user’s profile is not filled explicitly by him/her,
but inferred by the system. This information
includes: (i) the user’s activity index, which
is calculated through the amount of activities
that produce or consume knowledge on the
environment; (ii) a set of subjects the user usu-
ally writes about, which are inferred through
the identification of the most relevant terms
posted on the environment by the user.

Stories and objects

Stories are intended to register, compile and
disseminate emergent knowledge throughout
all WBSN members. Any user can add their suc-
cess or failure stories spontaneously. Each story
can include different kinds of objects, as text files,
slide presentations, audio or video files, so the
knowledge, posted as text, can be enriched with
media resources. In a similar fashion, a story can
be related to other stories to allow users build
bigger stories composed by many small stories.

Every member can also actas areviewer of the
content added by his peers, evaluating contribu-
tions qualitatively. This evaluation can be done

in two ways: (i) by adding comments to stories,
improving them with new knowledge and cre-
ating a dialogue around the added knowledge;
(ii) giving a rate that ranges from 1 to 5 stars for
stories. This range allows stories to be shown ac-
cording to its relevance for the WBSN.

The system also allows adding knowl-
edge through various kinds of objects. In the
a.m.i.g.0.s. environment, every file that can
store knowledge or be used to enrich existing
knowledge is seen as an object, like text docu-
ments, papers, spreadsheets, audio and video
files, and URLs to external resources. In order
to increase user collaboration, any object add-
ed to the system can have comments, increas-
ing the probability of surging new dialogues
about the knowledge stored within objects.

Virtual communities

In the a.m.i.g.o.s. context, virtual commu-
nities can be seen as groups of users who have
some interests in common. The system sup-
ports the creation of such communities by any
WBSN member.

A community has three main mechanisms
to support knowledge creation and sharing
between its members. The main mechanism is
the forum, where the members can start new
topics about any interesting subject. A second
mechanism is to associate stories to the com-
munity. A third one is to associate personal ob-
jects to the community. All mechanisms can be
done by a community member only.

Folksonomy

To allow a classification of knowledge
stored in am.i.g.0.s., facilitating the discovery
of information by users, the a.m.i.g.o.s. have a
folksonomy mechanism (Hansen et al., 1999).
With folksonomy, users can classify the con-
tent available in the environment of social and
collaborative way, i.e,, communities, histories,
comments and discussion forums. For this only
need to add keywords to the item being classi-
fied. Additionally, the system allows the visuali-
zation of all markers created by users through a
tagcloud. Thus, the user can quickly access any
content associated with a particular label (tag).

Preliminary experiment

Before implementing SWEETS and adding it
to the am.i.g.o.s. environment, a questionnaire
was applied to C.E.S.A.Rs employees. The
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main objective of this questionnaire was to
verify if there is a real need to add an expert
recommender system in this environment.

The questionnaire was available at
am..g.o.s. and was explicitly recommended
to 100 users. Only 30 users answered the ques-
tionnaire, where 50% of them were software
developers, 43.33% were systems analysts and
6.66% were project managers.

One of the main goals of the questionnaire
was to investigate behaviors and attitudes
of people when solving problems and how
willing they are to help a colleague solving a
problem. A question was made to understand
the behavior of a user when solving a prob-
lem: “When you have a problem related to his
work, which action would you take to solve
the problem?” Figure 3 shows the results.

From all users, 26.67% answered that they
look for other people they have direct access
with to ask for help to solve a problem — that
is, a colleague or a boss; 16.67% answered that
they use books, manuals and other types of for-
mal documentation; the remaining 56.67% try
to solve the problem by searching on the web.

Users were also asked about how much
they would be willing to help other people to
solve a problem. With this question we found
that 53.33% of people have always helped his
colleagues on the last 5 times when help was
requested, and only 10% of respondents have
not helped — usually because they were really
busy at the time or because they did not know
the person who was asking for help.

These results indicate that it would be in-
teresting for users to have an environment
where people could cooperate to solve each
other problems.

One incentive to foster this kind of collab-
oration could be by identifying users” exper-
tise, as this information might help to find the
right person to collaborate for the solution of
the problem. These were some of the reasons

o Uses some search engine on the Web

B Uses formal documentation, manual or books
0 Asks to a friend

0 Asks to his boss

Figure 3. Behavior of users when solving a problem.

leading to the development of an expert rec-
ommender system and adding it to a.m.i.g.o.s.

The identification of experts in a.m.i.g.o.s.
would be directly related to the production
of knowledge by users, so this questionnaire
included a question about that. As a result we
found that only 20% of the users are used to
produce and publish knowledge frequently,
33.3% of them are used to publish knowl-
edge between 1 and 3 times per week, and
most part of users — representing 46.66% of
respondents — have rarely produced knowl-
edge in a.m.i.g.o0.s., because they believe that
there are better ways to solve their problem
other than using the a.m.i.g.o.s. social net-
work environment.

As a way to solve this problem, or provide
an incentive for people to produce and publish
knowledge in a.m.i.g.o0.s. was raised by the fol-
lowing question: “If there was an expert rec-
ommender system in a.m..g.o.s., would you
feel more motivated to publish knowledge
with a higher frequency?”. 53.33% of users
have responded “yes”, while 36.67% said that
they probably would, because they would like
to use the tool first and then give their opinion
and only 10% of people answered “no”.

The majority of users who said they would
feel more motivated to produce knowledge in
a.m.i.g.o0.s. argue that with an expert recom-
mender system available, an improvement on
the knowledge capture and publishing would
be natural, as the employees would be inter-
ested in ascending in the enterprise, and this
kind of system would be an excellent oppor-
tunity for employees to show their value and
expertise. To C.E.S.A.R,, the possibility of pro-
moting more collaboration between people is
important for both employees and enterprise,
because the skills of employees would be bet-
ter exploited, thereby increasing efficiency
and effectiveness in the production level.

Experiment and results’
implementation of the SWEETS
at a.m.i.g.o.s.

The Expert Recommender System SWEETS,
was developed and integrated into the
am.i.g.o.s., a platform focused on knowledge
management used in C.E.S.A.R. This integration
with the a.m.i.g.0.s. had the following objectives:

(i) Use of the characteristics of social net-
works in a system that identifies domain
experts;
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(ii) Identify domain’s experts;

(iif) Provide improvements in collaboration
between users;

(iv) Improve the knowledge dissemination
by users at am.i.g.o.s.;

(v) Improving the process of solving a
problem;

(vi)And allocate or relocate people in
projects with greater efficiency.

The majority of these goals, except for goals
(i) and (ii), can be achieved with the analysis
of results generated by SWEETS through time,
e.g., 4, 5 or 6 months. With this information,
comparative studies can be made using all in-
formation produced.

The analysis of the quality of recommenda-
tions generated by SWEETS was realized in two
different ways. The first analysis used a limited
group of 18 employees of C.E.S.A R. This group
was limited due to problems when finding peo-
ple available to execute this analysis. However,
we believe that this number is enough to ex-
amine the satisfaction level with the generated
recommendations. The second analysis was ap-
plied only in version 2.0 because this version
had an explicit way to identify the users” exper-
tise. This analysis aimed at verifying the level of
knowledge or interest of the users in a domain
which they had been identified as specialist.

Results of the SWEETS

In the current version of SWEETS, users
can explicitly request an expert through a
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keyword. This feature solves the problem of
unnecessarily generated recommendations,
when they are made without the explicit indi-
cation by the user that this expert is needed.

Folksonomy is used to generate lightweight
ontology in SWEETS 2.0, aiming to make more
effective recommendations. The folksonomy
in am.i.g.o.s. is created with associations of
tags to the items (tagging) made by users.
These items are objects (a document or a site),
stories and comments on stories, communities,
discussion topics and messages in these top-
ics. The lightweight ontology O ; is composed
by relationships among concepts (tags) asso-
ciated with a weight. Both (relationship and
weight) are determined by the co-occurrence
of concepts in the items used to create the folk-
sonomy. As higher the weight among the con-
cepts, more often they co-occur, and greater is
the semantic relationship between them. The
main advantage of this mechanism is avoid-
ing pre-determination of the ontology, as it
emerge from users interaction in a.m..g.o.s.,
making this the ontology not limited to one
particular domain.

To create or update this ontology requires a
high computational cost, especially when the
folksonomy is extensive. This is the case of the
folksonomy in a.m.i.g.0.s. which has around 450
tags. Therefore, this process is executed within
a 15 days interval, and at night, when the sys-
tem is less used. Figure 4 shows the lightweight
ontology emerged from a.m.i.g.o.s..

The lightweight ontology O emergent in
am.i.g.o.s. has 901 relationships. Therefore,

open handset allance

Figure 4. Lightweight ontology O, emerged in a.m.i.g.o.s.
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the clutter of information shown in Figure
4 is not clear. In spite of that, an evidence of
semantic in the ontology can be seen in the
highlighted part. The ellipse emphasizes the
relationships among terms “sbtvd”, “interac-
tivity”, “ginga-j” and “opentv” with the term
“digital tv”.

Some concepts that emerged from the folk-
sonomy have similar meanings but are repre-
sented in different relationships on the light-
weight ontology (e.g. “social networks” and
“social network”). This problem was already
expected, since the concepts (tags) are freely
attached to items by users. Moreover, there
may be typing errors. The description free is
a feature of folksonomy, but these problems
undermine the enrichment of the lightweight
ontology, therefore, making the identification
of experts less effective.

One of the ways to minimize these prob-
lems is to work with the awareness of users
regarding the enrichment of the lightweight
ontology, turning them into users willing to
properly enrich the folksonomy. This work
can be done making users aware that the folk-
sonomy enrichment would be useful for both
employees and company. If the system can
correctly identify their skills, their potential
can be better exploited, so their levels of sat-
isfaction and productivity in the enterprise
would rise.

The next step to infer the users’ expertise
was indexing the knowledge base. While in-
dexing users” knowledge base, the concepts/
terms of the lightweight ontology O ; and their
relationships are considered. It is important
to note that not all concepts of the lightweight

% 2
{Samiges.

HOME HSTORAS  CONTATOS  COMUNDADES —OBETOS  PROVETOS  PERGUNTAS  RELATGRIS

ontology are taken into account for every user,
as the usage of these concepts is limited by the
amount of relationships they have. The mini-
mum number of relationships must be greater
than 1. For this experiment, only concepts that
have at least 4 relationships were counted.
The reason for this choice is that, when the
experiment was executed with a minimum of
3 relationships, a number of 387 experts were
identified, from a total of 916 users — a number
that probably would not be realistic, as ap-
proximately 50% of all users were considered
as assiduous users of a.m.i.g.o.s. In a second
moment, the experiment was executed consid-
ering the concepts that have at least 5 relation-
ships. As a result only 60 experts were found.
Several specialists in different areas were not
represented on the final result. Therefore, the
intermediate value, 4, is being used.

The expertise degree varies between 0 and
1. The level of expertise of a person should be
greater than a certain threshold — configured
on SWEETS - in order for him to be consid-
ered as an expert. The threshold used for this
experiment was 0.8. Figure 5 shows an exam-
ple of searching for a “requirements” expert
at the user interface of the SWEETS 2.0 in the
a.m.i.g.o.s. and the list of experts found.

By default, the list of recommended experts
is sorted from highest to lowest expertise de-
gree. Although not yet available in the inter-
face, experts may be ordered by their availabil-
ity (online or busy) or by its’ social distance to
the user that is requesting the recommenda-
tion. For each expert recommended, it is pos-
sible to view the size of the path between the
user and the recommended expert. It is also

WODERAGAD  AVATAR  MERCADO idoma =

Ricardo Araijo | [orne =]
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ESPECIALISTAS

Caminho Social
- Y 080178314

Cammho Social
0.80178374

Caminho Social:
084635043

Catninho Social
- 0.83871937

Cammho Social
10.8372982

Caminho Social:

0.8957355

Figure 5. Interface of SWEETS 2.0 in a.m.i.g.0.s.
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possible to see and navigate the full path of
the social network from one person to another.
Each name that composes the social path is a
link to the profile of the respective user.

Analysis of the quality recommendations
of SWEETS 2.0

The SWEETS 2.0 identified 121 experts in
various domains. With the identification of
experts, a customized questionnaire was de-
veloped and applied to approximately 50% of
users in order to evaluate the knowledge level
and the interest level in the areas in which
each user was identified as expert.

The information gained with the appli-
cation of this questionnaire was essential to
evaluate the quality of recommendations
generated by SWEETS 2.0. Avoiding a biased
assessment, the user was not informed that
he had been identified as an expert by the
SWEETS 2.0.

The metric of accuracy was used to verify
the quality of the recommendations. This met-
ric is calculated by the ratio of relevant items
and the total quantity of items. That is, the
number of correctly identified experts related
to the total detected experts. This experiment
reached accuracy around 57%.The percentage
of wrong experts was about 23%, while the re-
maining 20%, are probably justifiable, since it
refers to subjects in which users have interest,
however, they still arent experts. This means
that the users tend to produce knowledge on
their interest subjects, one of the premises to
detect expertise. Figure 6 shows the results of
the questionnaire.

In SWEETS current version, there was
good level of satisfaction shared by the ma-
jority of users regarding the possibility of
searching for an expert using a specialty as
the search parameter, avoiding unnecessary
recommendations. During this research there
was one employee who searched for a spe-

- 57.26%

3 19.66%

23.08%

Knowledge's Degree

Figure 6. Recommendations’ quality.

cialist in “Computer Networks” and got zero
results. This happened because this area was
not included in the lightweight ontology O_,
so there is no way to identify such experts.

Conclusion

This paper presented an expert recom-
mender system called SWEETS and its us-
age in a social network environment called
am.i.g.o.s., a Web-Based Social Network
(WBSN) focused on Knowledge Manage-
ment, used as the main tool for knowledge
creation, communication and dissemination
at C.E.S.AR,, a Innovation Institute located in
Brazil. Before the development of SWEETS, a
survey was conducted among C.E.S.A.R’s em-
ployees. That survey aimed to verify the real
need for implementing an expert recommend-
er system inside a.m..g.0.s. environment.
According to 53.33% of the surveyed users, a
tool like SWEETS would be so important to
the environment that it would motivate them
to a better engagement regarding knowledge
production, as only 20% of users often pro-
duce knowledge inside environment. Building
knowledge inside this kind of environment is
fundamental to identify people’s expertise.

In order to add semantics to recommen-
dations and improve its quality, the SWEETS
2.0 was developed and added to am..g.o.s.
It allows explicit search for experts and uses
lightweight ontology as the knowledge rep-
resentation mechanism. Unlike ICARE (Petry,
2007) this lightweight ontology is not a default
one, it emerges from the social network folk-
sonomy, and thus the identification of experts
is domain free, which is the main advantage of
the presented approach.

The usage of folksonomy as the basis for
a lightweight ontology has some limitations.
Due to the lack of control of how users build
the folksonomy - this feature sometimes com-
promises the recommendations quality, be-
cause the users’ entries may contain typing
errors, spelling errors, or may cause some in-
consistencies, as sometimes an user can apply
a tag to an object (item), and other users can
use other tags, grammatically different but
with the same meaning.

In a survey conducted with users of the
SWEETS 2.0, we observed that there was an
improvement in the users’ satisfaction. Ac-
cording to users, this improvement comes
from the fact that the recommendations are
not generated until it is needed, as users only
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receive recommendations of experts when
they request it.

In the SWEETS 2.0, as the experts are ex-
plicitly recommended, a second analysis
can be conducted to evaluate the precision
level of the experts identified. This precision
was 57.26%, while the percentage error was
23.08%. The remaining 19.66% can be justified,
however, the users are not experts in such area
(issues), they expressed some interests about
them, and so there is a probability that users
have posted relevant information on the envi-
ronment about these areas.

To minimize the issues previously pre-
sented, some future work aims to apply a
stemming algorithm (which reduces words to
its radical) before generating the lightweight
ontology, effectively improving recommen-
dations quality. With this improvement, we
expect to decrease the amount of redundan-
cies of concepts represented in the light-
weight ontology and expect a increasing on
the semantic weight among these concepts.
Furthermore, we also intend to enrich the
lightweight ontology using a thesaurus, as
WordNet (Fellbaum, 1998). For each term of
lightweight ontology, it could be verified its
existence in the thesaurus, its respective syn-
onyms, hierarchies and other relationships
among terms. In this case, all this information
could be added to the lightweight ontology.
Furthermore, we also intend to use machine
learning methods and techniques for tag rec-
ommendation to the users, while these users
are tagging objects (items) of the folksonomy.
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